Objective To identify response shift using two structural equation modeling (SEM) techniques. Study design and setting Hypertensive patients (n = 909) with coronary artery disease (CAD) completed SF-36 surveys at both baseline and 1-year follow-up. Response shift was identified using Oort and Schmitt SEM techniques. The type of response shift linked to changes in various parameters of the SEM measurement model is defined differently for both SEM approaches. Effect sizes were calculated for the impact of response shift on the change of SF-36 domain scores when using the Oort approach.
Introduction
Self-report measures of health-related quality of life (HRQoL) are part of any assessment of interventions in randomized trials [1] . Although reliable and valid HRQoL measures are available, change in scores based on pre-test versus post-test data may reflect factors other than the intervention [2] . In other words, individuals experiencing improvement or deterioration over time may adopt a different frame of reference or the concept and meaning of HRQoL [3, 4] . Response shift is ''a change in the meaning of one's self-evaluation of a target construct as a result of (a) a change in the respondent's internal standards of measurement (i.e., recalibration); (b) a change in the respondent's values (i.e., the importance of component domains constituting the target construct, reprioritization); or (c) a redefinition of the target construct (i.e., reconceptualization)'' [3, 4] .
Hypertension and coronary artery disease (CAD) are health conditions where symptoms persist over a long period of time [5] . CAD is likely to have a direct impact on HRQoL in concepts such as reduced walking distances, shortness of breath, trouble lifting and carrying objects, and doing housework. The choice of antihypertensive treatment may influence risk of depression and consequently clinical and health outcomes [5, 6] . Response shift is important to consider in treatment evaluations because patients may adjust their perceptions of the benefits and side effects of various treatment modalities or disease progression.
Statistical techniques are useful in assessing response shift among individuals who respond differently to the same HRQoL measure over time. Covariance structures proposed by Schmitt [7] [8] [9] [10] have been used with structural equation modeling (SEM) to identify both reconceptualization and recalibration response shift [7] [8] [9] [10] . However, the approach [7] [8] [9] [10] does not identify reprioritization or non-uniform recalibration response shift. On the other hand, the SEM approach proposed by Oort [11] identifies all types of response shift. The Oort and Schmitt SEM procedures use different parameters to define and test response shift. The type of response shift identified is based on the parameter operationalization. In addition, the difference in order (forward vs. backward approach) of releasing parameter constraints with the two SEM procedures may influence the results. The backward approach of releasing parameter constraints using the Oort procedure [11] provides a ''greater power for detecting changes'' [12] , however, increases the Type I error probability.
One study directly compared two different SEM methods (i.e., the Oort [11] and Schmitt SEM procedures [7] [8] [9] [10] ) and found that the Oort procedure best detected uniform and non-uniform recalibration among patients enrolled in a chronic obstructive pulmonary disease (COPD) self-management program [12] . However, Type I error was not controlled, which may lead to an overidentification of response shift [11] [12] [13] . In addition, a different order of testing was used. When releasing parameter constraints, the authors started with residuals, followed by intercepts, and then factor loadings [12] . The order (i.e., hierarchy) in which parameter constraints are released (factor patterns, followed by factor loadings and intercepts, and then residual variances) will influence whether subsequent parameters are different [12] and threaten an unbiased comparison of latent factor mean scores [14] , asserting the need to follow a particular order when releasing parameter constraints.
The objectives of this study were to investigate the occurrence of response shift using both Oort [11, 13, 15] and Schmitt [8, 9] SEM approaches and examine whether there was additional divergence based on the order of testing with the Ahmed et al. study [12] .
Methods

Source of data
The study is a secondary analysis using data from subjects enrolled in the Study of Antihypertensive Drugs and Depressive Symptoms (SADD-Sx) [16] . Briefly, SADD-Sx was a substudy of the International Verapamil-Trandolapril Study (INVEST). INVEST was a randomized, open-label, blinded end-point study of 22,576 hypertensive patients with CAD aged [50 years conducted from September 1997 to February 2003 [17, 18] . Patients were randomized to antihypertensive treatment with either a verapamil SRor atenolol-based strategy to achieve blood pressure control according to the sixth report of the Joint National Committee on Prevention, Detection, Evaluation, and Treatment of High Blood Pressure (JNC VI) [17, 18] .
The full sample of SADD-Sx patients residing in the United States was mailed surveys between April 1, 1999, and October 31, 1999 (n = 2,317). SF-36 health survey and demographic characteristics such as age, gender, and race were included in the SADD-Sx survey. Patients were mailed the baseline survey the day after randomization. Follow-up surveys were mailed at 1 year. Patients were mailed a second survey if it was not returned within 10 working days. Each patient was mailed a reminder letter to enhance the response rate approximately 2 weeks before the follow-up surveys were mailed. If patients failed to respond to the second survey, no extra attempts were made to contact them. Only patients who completed both the baseline and 1-year follow-up surveys were included.
SADD-Sx was conducted according to the principles of the Declaration of Helsinki [19] . The University of Florida Institutional Review Board approved the study protocol.
SF-36 health survey
The SF-36 is a generic HRQoL measure that captures behavioral functioning, subjective well-being, and perceptions of health [20, 21] . The SF-36 health survey consists of eight domains: physical functioning (PF), role limitations due to physical health (role physical, RP), bodily pain (BP), vitality (VT), general health perceptions (GH), social functioning (SF), role limitations due to emotional problems (role emotional, RE), and mental health (MH). Raw scores were transformed to a range of 0-100, with higher scores indicating better HRQoL [20, 21] .
Statistical analysis LISREL 8.8 [22] was used to construct and test the SEM for both Oort and Schmitt procedures. SAS 9.1 software [23] was used for the remaining analyses. The eight SF-36 domains were assessed for normality. Maximum likelihood estimation (MLE) is robust for data that demonstrates small deviations from normality and was used given the slightly non-normal distribution of our data. A variety of fit indices were adopted to assess the appropriateness of the SEM, including the classic goodness-of-fit index chi-square; the standardized root mean square residual (SRMR) with a range between 0.0 and 1.0 where values \0.1 indicating an acceptable fit; root mean square error of approximation (RMSEA) with values below 0.08 indicating a good model fit and values below 0.05 indicating a close fit [24] ; comparative fit index (CFI), normed fit index (NFI), and nonnormed fit index (NNFI) with a range between 0.0 and 1.0. Values [0.9 indicate better model fit for all these three criteria [24] .
Oort's SEM approach (method 1)
The first method conducted to test response shift is a fourstep procedure [11] . True change was defined as a change in a patient's target construct of HRQoL, representing improved or deteriorated health status [11] .
Model 1: establishing an appropriate baseline model
Results from confirmatory factor analyses and the literature [20] were used to define the baseline SF-36 measurement model.
Model 2: no response shift model
In model 2, we set the parameters of factor loadings, residual variances, and intercepts to be equal over time (i.e., a hypothesis of no response shift). The data fit was compared for Model 2 and Model 1. The chi-square difference test evaluated the statistical significance in comparison with the freed and fully constrained models. The null hypothesis was rejected if the chi-square difference test was statistically significant, suggesting response shift.
Model 3: testing for specific types of response shift Parameter estimate differences between Model 3 and Model 2 were tested and guided by the modification indices to represent different types of response shift [11] . The detection of response shift based on model parameters threatens the unbiased comparison of latent factor mean scores [14] . Consistent with previous research using the Oort approach [11, 13, 15, 25] , we chose the order by releasing parameter constraints on factor pattern, followed by factor loadings and intercepts, and then residuals (i.e., a backward approach). Parameter invariance was tested by releasing one parameter at a time and constraining all other parameters over time. The equality constraints were released on each factor loading while imposing equality constraints on the remaining factor loading parameters. After inspecting each result, a similar procedure was conducted by releasing equality constraints on intercepts while imposing equality constraints on the remaining intercepts and factor loadings when response shift was not identified. Subsequently, a similar procedure was conducted by releasing equality constraints on residual variances while imposing equality constraints on factor loadings, intercepts, and other residual variances. We tested the modification step indices with the chi-square difference test. A chi-square difference of C3.84 with df(1) indicates response shift.
Interpretation of the different model parameters is linked with different types of response shift (Table 1) . First, reconceptualization is indicated if a change in the matrix pattern containing factor loadings at Time 1 differs from the matrix pattern at Time 2. Second, if the factor loading value of a domain changes over time, reprioritization has occurred. Third, uniform recalibration is indicated if there were differences between intercepts while still constraining the common factor loadings. Uniform recalibration occurs when patients adjust their perception to all response options in the same direction and to the same extent. Lastly, the differences between residual variances over time indicate non-uniform recalibration. In other words, non-uniform recalibration occurs if patients' responses to the scale are mixed (e.g., some lower or higher) [11] .
Model 4: identification of true change and effect size calculation
In Model 4, we tested other types of invariance, including the equality of latent factor means, variances, and correlations. Model 4 parameter estimates were used to calculate effect size indices for true change and the effect of response shift. The obtained true change effect size divided by the estimated standard deviation of observed change yielded Cohen's effect size indices d [26] . Effect size values (d) \0.2, 0.2-0.49, 0.5-0.79, and C0.8 were considered negligible, small, medium, and large, respectively. Estimates from models that accounted for response shift (Model 4) subtracted from models that did not account for response shift (Model 2). The absolute difference between the two models is the estimated effect of response shift.
Since multiple results would be necessary, we adjusted for possible Type I error where a Bonferroni-adjusted critical value [27] associated with a probability of 0.05/40
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Schmitt's SEM approach (method 2)
We applied the same baseline measurement model (Model 1) for both the Schmitt and Oort SEM approaches.
Parameter invariance over time was tested step-by-step, adding one parameter at a time (i.e., forward approach). Parameter estimate differences between the two models were tested to represent different types of response shift [8] [9] [10] (Table 1 ). The comparison between two models was guided by the modification indices. A chi-square difference of C3.84 with df(1) indicated response shift. The first step in Schmitt's SEM method assessed the change in the entire variance-covariance matrix over time [8] . Reconceptualization was indicated if these differences were due to the variance of the a priori pattern of factor loadings imposed on the scales (Model 2). If reconceptualization was not detected, we tested subsequent models for scale recalibration by testing the equivalence of the factor variances (Model 3) or the factor loadings (Model 4) over time. The equality constraint on each parameter added to the model was released step-by-step while imposing constraints on the remaining parameters where response shift was not identified. Finally, we tested Model 5 for change in error variance to evaluate whether changes were due to random error. The goodness-of-fit of the SEM solution was evaluated for statistical significance [12] . Schmitt's SEM technique [8] precludes adjusting for Type I error, as well as identification of reprioritization or non-uniform recalibration. Additionally, changes in factor loadings are interpreted differently for the Schmitt and Oort approaches.
Results
The initial SADD-Sx sample consisted of 2,317 INVEST patients assigned to either the verapamil SR-based (n = 1,184) or atenolol-based (n = 1,133) treatment strategy [16] . Complete responses from both the baseline and 1-year follow-up surveys were obtained from 39.2 % (n = 909). At baseline, patients were randomized to treatment groups. Among other reasons, differential dropout rates among patients assigned to one treatment arm of the study compared to the other may signal response shift. The final sample of patients in the two treatment groups was similar on their socio-demographic characteristics and SF-36 responses (p [ 0.05). Table 2 gives baseline and 1-year means scores and standard deviations for all SF-36 scales. Conventional t tests indicate improvement in RP, BP, GH, VT, MH, and RE, and no change in PF and SF scale mean scores.
Step 1: measurement model General physical (Gen PHYS) and General mental (Gen MENT) represent two latent variables (Fig. 1) . Similar to the Oort et al. study [13] , we found that the wording of the SF items captured both physical and mental aspects. Hence, SF was loaded both on Gen PHYS and Gen MENT. The residual factors for RP and RE were allowed to covary (r = 0.22) since the covariance was not adequately explained by the correlation between the two latent factors. Both RP and RE have similar wording and questions about social roles. The measurement model in this step had acceptable fit (v 2 (84) = 301.284, p \ 0.001; RMSEA = 0.054 (90 % CI = 0.048, 0.061)) (Model 1, Table 3 ). Step 2: no response shift model
In
Step 2, the model with all the parameter estimates freed (i.e., Model 1) was compared with the fully constrained model (i.e., Model 2, Table 3 ). The initial measurement model fit the data significantly better than the no response shift model (v 2 (25) = 64.128, p \ 0.0001), indicating that response shift was likely.
Step 3: identification of specific types of response shift Three cases of response shift were identified before controlling for Type I error Table 3 ).
Step 4: contributions of response shifts and true change to change in the observed variables (Table 3 ) parameters are presented in Table 4 . Based on these parameter estimates, the response shift Fig. 1 The measurement model used in response shift detection. Notes Circles represent latent variables (common and residual factors) and squares represent observed variables (SF-36 scales). Abbreviations PF, physical functioning; RP, role physical; BP, bodily pain; GH, general health; VT, vitality; SF, social functioning; RE, role emotional; MH, mental health effect size was -0.118 for the uniform recalibration and zero for the non-uniform recalibration. Recalibration response shift had a negligible impact on the estimation of true change in the PF mean scores.
Schmitt's SEM approach
We started with the same baseline measurement model (Model 1, Table 5 ) for both the Schmitt and Oort approaches. Based on the finding of invariance in factor structure, reconceptualization was not observed (Model 2, Table 5 ). The next step was to assess whether the factor variances or factor loadings were equivalent over time, indicating absence of recalibration. We found that releasing the factor variance parameter constraint did not significantly improve the model fit (Model 3, Table 5 ); they were constrained to be equal over time. However, we found that the model significantly improved when the PF factor loading parameter was freed to vary over time (v 2 difference test: v Table 5 ), indicating presence of random error over time (Table 5 ).
Discussion
Response shift was identified in patients' responses to the PF scale using both SEM procedures (uniform recalibration identified using Oort's approach [11] and recalibration identified using Schmitt's approach [8] ); however, both approaches use different parameters to define and test response shift. Oort [11] defines uniform recalibration as a change in means of the observed variables over time compared to Schmitt [8] who defines recalibration as a change in factor loadings or factor variances over time. Changes in both the covariance and mean structures are also accounted in Oort's approach [11, 12] . This study suggests that when using the Oort approach, the uniform recalibration response shift had a marginal influence on the estimation of true change in the PF mean scores. In contrast, the Schmitt approach [8] only accounts for the changes of covariance structures, which may lead to a larger estimation of recalibration response shift [12] in our study. Consistent with previous recommendations [12] , our study suggests that the differences in the findings between the Oort and Schmitt approaches may be due to method differences and not the sample. The second objective was to examine whether our findings regarding response shift were similar to those of Ahmed et al. [12] . We identified response shift using both the Oort and Schmitt SEM techniques. In contrast, Ahmed et al. [12] identified uniform and non-uniform recalibration response shift when using the Oort procedure. However, Ahmed et al. [12] did not detect response shift when using the Schmitt procedure. Our study differs from the Ahmed et al. [12] study in terms of the order of releasing parameter constraints, control of Type I error, and characteristics of subjects. Ahmed et al. [12] chose to release constraints on residuals, followed by intercepts, factor loadings, and then factor pattern. In contrast, we sequentially tested for invariance by releasing parameter constraints on factor patterns, factor loadings, followed by intercepts, and then residuals. Consistent with prior recommendations, we believe that the order in which parameter constraints are released is of upmost importance and influences the unbiased comparison of latent factor mean scores [14] . If the order of releasing parameter constraints impacts the response shift findings, it is not known whether the identification of response shift is true. In this regard, we also tested for response shift using a similar order of releasing parameter constraints as Ahmed et al. [12] . It was found that the order of testing did not alter our study results, so the impact associated with order of testing may be minimal. The identification of response shift in our study appears credible since both order of sequential tests identify the same types of response shift. An alternative reason for the difference in findings between our study and Ahmed et al. study [12] may be related to the use of Bonferroni correction to control for Type I error. After controlling for Type I error, we retained only one instance of response shift, that is, uniform recalibration response shift for the PF scale when using the Oort approach. Ahmed et al. [12] did not control for Type I error when using Oort's approach [11] , which may have led to identification of response shift that was the result of an experiment-wise error. Finally, hypertensive CAD patients in our study and COPD patients in Ahmed et al. study [12] may experience different types and magnitude of response shift as a consequence of disease progression and different treatments. In this regard, the differences between the present study and Ahmed et al. [12] study may be due to both variation in the method and the study sample.
The PF scale scores revealed a non-significant decline 1 year after allocation to treatment strategies. However, after accounting for response shift, a positive true change contribution indicated that treatment effects may have been underestimated, leading to false-negative results. It was only when response shift was accounted for that improvement in PF scores following treatment could be seen. Assessment of the treatment's ''true'' effects must include individuals' change in perception due to treatment or change in health, especially when using self-report measures in clinical trials. Identifying response shift has implications for interpreting the measurement of change in clinical and research endeavors.
The finding of response shift for the SF-36 PF scale may be explained as a consequence of the disease condition. A study by Bar-On and Amir [28] identified beta change (i.e., recalibration) over a 1-year period in hypertensive and normotensive male subjects randomly assigned to methyldopa, isradipine, or placebo treatments. Vascular disease such as CAD mainly influences physical health [29] . Several studies report that hypertensive CAD patients feel limited in the PF domain. Mitchell et al. [30] report lower mean scores on the physical ability dimension among hypertensive CAD patients. Sevinc and Akyol [31] have found that HRQoL scores were lowest in PF domain for CAD patients compared to emotional and social domain scores.
The SF-36 PF consists of items describing walking distances, vigorous activities, moderate activities, lifting and carrying objects, climbing stairs, among others. A group of patients may have changed their perception for items as well as the response scale options (values, labels, or both) for the PF scale in the same direction and to the same extent due to aspects of functioning impacted by the disease condition [11] . It is plausible that new experiences have changed their perception of the extent to which their health would physically limit when performing moderate or vigorous activities, lifting objects, walking, or climbing stairs [11] . Moreover, it is likely that patients have learned coping skills relevant to their illness, so that their functioning improved more, or deteriorated less, than would be expected on account of their physical health.
An alternative explanation for the presence of response shift may be due to the assignment of antihypertensive treatment strategies. Atenolol has been reported to show adverse somatic side effects such as feelings of pressure and tightness in the head or body, dizziness and faintness, increased fatigue, and muscular weakness [16, 32] . The side effects may change the patient's assessment of their HRQoL concepts by reduced walking distances and trouble in lifting and carrying objects and doing housework, among others. The occurrence of uniform recalibration in PF scale may partly be explained as a consequence of the aforementioned effects. Future research examining the relationship between somatic side effects and the occurrence of uniform recalibration will support this proposition. Few studies report a stereotype implying that men are more physically oriented and invested in their ability to do heavier physical labor or strenuous activities [33, 34] . The studies [33, 34] report an inverse relation between age and SF-36 PF domain among CAD patients. The identification of response shift may thus be due to different age groups or gender roles, which operate differently for men and women [33, 34] . It seems plausible that some subgroups in our study sample may have undergone response shift. Although this is beyond the scope of the present study, our ongoing work attempts to examine the role of catalysts, sociodemographic variables, depression, and antihypertensive treatment strategies on the presence of response shift over time among hypertensive CAD patients.
Evidence demonstrates the usefulness of both Schmitt and Oort SEM approaches to detect response shift for ordinal or multidimensional data sets. Applications to ordinal or multidimensional data are described by Ahmed et al. [7] , Oort et al. [13] , Visser et al. [15] , and BarclayGoddard et al. [25] . The SEM analysis in our study was purposefully conducted at the domain level rather than individual items. We chose this approach because, from the perspective of comparative effectiveness research, the SF-36 is best used to examine the overall impact of different treatments as a global generic measure, rather than assessing HRQoL item-by-item. If the SEM analysis was used in another context (e.g., scale development), detection of response shift on an item level would be of greater interest.
Based on this and previous studies, we conclude that certain SF-36 HRQoL domains are more or less susceptible to response shift. For instance, we could find no reports of response shift for the SF-36 PF scale. Oort et al. [13] suggest that SF-36 PF items might be less prone to recalibration because they could be answered objectively. We checked for other types of response shift when freeing equality constraints on parameters one at a time, but no other selection provided a better model fit. Barclay-Goddard et al. [25] identified the presence of response shift post-stroke in PF construct. They hypothesized the word ''difficulty'' in the response options for two of the four measured variables partly explained response shift. However, they acknowledged it was not the only plausible explanation [25] . Response shift research should be linked with other methodologies and fields of research, such as qualitative methodologies and cognitive interviewing, to rule out other explanations [35] . In studies or settings where response shift is suspected and design methods are not feasible to assess response shift for group-level analysis, statistical methods should continue to be useful. Response shift assessment is particularly important in hypertensive CAD patients when impairments and activity limitations may never recover fully, but improvement in HRQoL is a therapeutic goal.
Limitations SEM approaches detect response shift at a group level [11] [12] [13] . Only if a substantial number of participants undergo a response shift, will it be detected using any approach. Barclay-Goddard et al. [25, 35] suggest that not all individuals would experience response shift. Moreover, even those who do may not experience it at the same time [25, 35] . By definition, response shift is a time-dependent phenomenon and likely occurs at different times with different individuals. Therefore, its detection and effect size are likely diminished when using cross-sectional grouplevel analyses. With C3 time points, statistical approaches that examine response shift at an individual level (e.g., growth curve modeling [36] and latent trajectory analysis [37, 38] ) may better detect response shift in subgroups of patients. [13] . Cognitive interviewing technique applied in a past study [39] can be used to demonstrate whether statistical approaches truly detect the occurrence of response shift [35] . Used together, individual-level statistical and qualitative approaches will better elucidate the response shift phenomenon. Lastly, response shift was identified among hypertensive CAD patients assigned to antihypertensive treatment strategies. However, availability of a control group (potentially) not expected to experience a response shift would provide additional support.
Conclusion
Both Oort [11] and Schmitt [8] SEM approaches identified response shift (uniform recalibration using the Oort approach and recalibration using the Schmitt approach) in hypertensive CAD patients for the SF-36 PF scale. However, either or both variation in the method and the sample used may influence detection and characterization of response shift.
